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a b s t r a c t
We use the matched mother-child data from the 2000 wave of the US National Longitudinal Survey of
Youth 79 (NLSY79) to assess the impact of full-timeworkingmothers on children’s bodymass index (BMI)
and the likelihood of becoming overweight. Parametric, semi-parametric and non-parametric methods
are employed to correct the bias of selection on observables and unobservables. Pros and cons of various
methods are discussed and specification tests are conducted. In general, we find that a mother’s full-time
employment does have some impact on her children’s BMI and likelihood of becoming overweight across
models and inference procedures.
© 2009 Elsevier B.V. All rights reserved.
1. Introduction
This paper usesmatchedmother-child data from thewave 2000
of the US National Longitudinal Survey of Youth 1979 (NLSY79)
to assess the effect of full-time working mothers on childhood
obesity. In the last four decades there has been a growing preva-
lence of overweight children in the US. From 1963 to 1973, 4.2% of
children between the ages of 6 and 11 were overweight but, by
2000, the percentage of overweight children had reached 15.3%
(Ogden et al., 2002). In fact, children are the fastest-growing
segment of the US overweight population (Janssen et al., 2004).
Olshansky et al. (2005) even compare this childhood overweight
‘‘epidemic’’ to a massive tsunami steadily encroaching on US
shores.
The increasing rate of overweight children is a cause for concern
because a high percentage of overweight children grow into
I The authors wish to thank Joseph Altonji, Songnian Chen, Scott Fuess, Jr.,
Hidehiko Ichimura, Heyek Jeong, RogerMoon,Michael Nichol, Jeffrey Nugent, Geert
Ridder, two referees and the editor for helpful comments.
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overweight and obese adults, a pattern with disastrous health
and economic consequences. Risks of diabetes, heart disease, high
blood pressure, and other chronic diseases for overweight or obese
adults are elevated, and the costs associated with these obesity-
related diseases are extremely high. For example, Finkelstein et al.
(2003) showed that the aggregatemedical spending attributable to
being overweight and obese between 1996 and 1998was as high as
78.5 billion. In addition to themonetary costs, these diseases could
lead to a decrease in overall quality of life and premature death.1
Moreover, there are frequently social or emotional costs associated
with obesity, such as discrimination, peer aggression, and lack of
self-confidence.
Weight increase is caused by more caloric intake than
caloric expenditure over a long period of time. Behavioral and
environmental factors are large contributors to the problem of this
energy imbalance (Hill and Peters, 1998; United States Department
of Health and Human Services, 2001). Thus, economists have
tended to focus on factors such as the availability of calorie-rich
fast food (Chou et al., 2004), the advancement of technological
1 According to the Los Angeles Times, November 5, 2004, in 2000 obesity was the
underlying cause of 400,000 deaths in the US, a 33% jump from 1990.
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innovations (Philipson and Posner, 1999; Cutler et al., 2003), the
declining relative price of food (Lakdawalla and Philipson, 2002;
Gelbach et al., 2007), and the increase in physical inactivity to
discourage caloric expenditure (Philipson, 2001). Since behavioral
and environmental factors are modifiable causes of obesity
among children, understanding those non-genetic determinants of
childhood obesity is imperative in designing prevention policies.
Some researchers believe that women’s steady abandonment
of domestically oriented work in favor of participation in an
external labor force has been also an important factor in the rise
of overweight children.2 Anderson et al. (2003) as well as Cawley
and Liu (2007) reason that a child might become overweight if his
or her mother works because (a) working mothers face more time
constraints than non-working mothers, hence they may have less
time to ensure that their children consume a nutritionally balanced
diet; (b) working mothers are more prone to serving their families
high-fat prepared or fast foods; (c) workingmothers’ childrenmay
spend more time on sedentary activities such as playing computer
games or watching TV, andmay often choose to sneak high-calorie
foods after school.3
A major issue in assessing the effect of certain action
or treatment using observed data is that an individual is
either observed as receiving the treatment or not receiving the
treatment. We do not simultaneously observe the outcomes
of an individual receiving or not receiving the treatment.
Comparing the outcomes of those receiving the treatment and
those not receiving the treatment could be subject to selection
bias due to observables (e.g. Rosenbaum and Rubin, 1983) and
unobservables (e.g. Heckman, 1979). Parametric, semi-parametric
and non-parametric methods (e.g. Heckman, 1997; Robinson,
1988; Rosenbaum and Rubin, 1983) have been proposed to correct
such bias. The advantages of the parametric approach are (a) it
can simultaneously take account of the selection on observables
and unobservables provided the model is correctly specified; (b)
it provides marginal impact of all the conditional variables. The
disadvantage is that parametric functional forms for the mean
relations between outcomes and the conditional variables as well
as the probability distributions of the effects of unobservables have
to be specified. The advantage of non-parametric approach is that
no functional form or probability distributions of unobservables
need to be specified. The disadvantages are that (a) conditional
on a set of confounding variables it assumes there is no selection
on unobservables (conditional independence); hence it only takes
account of selection on observables; (b) it does not provide
measurements of marginal impacts of other conditional variables.
A semi-parametric approach may be viewed as an in-between
approach. It takes account of selection on observables with
parametric specification and selection on unobservables with non-
parametric specification. In this paper we intend to assess the
impact of the full-timeworkingmother on childhood obesity using
parametric, semi-parametric and non-parametric approaches.
The basic framework of our approach is provided in Section 2
and specification analysis is discussed in Section 3. Data sources
and the definitions of variables used for analysis are presented
in Section 4. Section 5 reports the results of estimations and
specification analyses. Concluding remarks are in Section 6.
2 United States Bureau of the Census (2003) showed that married women’s labor
force participation rate has increased enormously in the past four decades. The
United States Bureau of the Census (1995, 2003) showed that 77.2% of women with
school-age childrenwere in the labor force in 2000, up from61.7% in 1980 and 39.0%
in 1960. The labor force participation rate for mothers with children under age six
has increased substantially more for the same period.
3 According to Aizer (2004), over eight million US children aged 5 to 14 are
latchkey kids in 1998. Fertig et al. (2006) showed that children with working
mothers spend significantly more time watching television.
2. The basic framework
We use a child’s body mass index (BMI) as a measure of weight
status. 4 BMI is defined as(
weight in pounds




The advantage of using BMI is that it is a continuous variable. It
can give a complete picture of the outcomes rather than just a
simple binary outcome of ‘‘overweight status’’ or ‘‘underweight
status.’’ Moreover, we can easily transform our analysis of BMI
into the ‘‘overweight status’’ by using the age-gender specific BMI
growth charts provided by the Centers for Disease Control (CDC). If
a child’s BMI is above the 95th percentile of his or her age-specific
distribution of BMI, then he or she is defined as being overweight.
Unlike many other health conditions, BMI can be affected by
behavioral changes. Optimal decision rules also change when
external conditions change. Therefore, we assume
BMI1i = µ1 (xi)+ u
1
i , if si = 1, (2)
BMI0i = µ0 (xi)+ u
0
i , if si = 0, (3)
where si = 1 if the ith child’s mother works full time, and
si = 0 otherwise.5 xi is a vector of exogenous personal (child’s
or mother’s) characteristics, u1i and u
0
i denote the effects of
unobservable factors.
The mother’s full-time employment status, si, is determined by
a latent variable s∗i
s∗i = m (zi)+ εi, (4)
and si = 1 if s∗i > 0 and si = 0 if s
∗
i ≤ 0, zi is the vector of
observable factors that affect a mother’s employment status, and
εi denotes the effect of unobservable factors. xi and zi may contain
overlapping elements.We assume that (u1i , u
0




BMI1i = α1 + xiβ1 + u
1
i , (5)
BMI0i = α0 + xiβ0 + u
0
i , (6)
s∗i = ziγ + εi, (7)
4 BMIs in this study are based on self-reportedweights and heights. The reporting
error is a concern when using the self-reported weights and heights, and some
adjustments are probably required. For example, National Health and Nutrition
Examination Survey (NHNES) reported actual weights and heights by adjusting the
self-reported weights and heights using regression coefficients. However, Cawley
(2004) showed that his empirical results are similar using either the self-reported
or adjusted BMI based on themethod of NHNES. Chou et al. (2008) also showed that
the reporting error is not a concern for children aged between 3 and 11. In fact, the
average BMI of our sample (18.21) is close to the average of actual BMI fromNHNES
1999-2000 (17.37).
5 We choose the dichotomous classification of full-time and non-full-time
working mothers for two reasons. First, according to the survey by Families and
Work Institutes (1997), it was the full-time working mother who reported not
having enough time for her family. Second, as suggested by Anderson et al. (2003), it
is likely that a mother’s work intensity rather than her employment status plays a
critical role in deciding her children’s chance of being overweight. Third, 28.51%
of mothers in our samples have a part-time job, while 48.16% of them have a
full-time job and 23.33% are unemployed. These proportions are comparable to
average percentages of working mothers that are full-time (45%) and part-time
(26%) employed between 1997–2007 indicated by CPS data released inMarch 2008.
Since almost half of the mothers in our sample have full-time jobs, we choose the
dichotomous classification of full-time and non-full-time working mothers as the
treatment indicator.
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To allow for the possible selection issues, we assume the error
terms (u1i , u
0







σ 21 σ10 σ1εσ10 σ 20 σ0ε
σ1ε σ0ε 1
 . (8)
When σ1ε = σ0ε = 0, we have a generalization of the frequently
used two-part model (Duan et al., 1983). Model (5)–(8) or the
two-part model can be consistently estimated by the maximum
likelihood (ML). When β1 = β0 and u1i = u
0
i , we have the Type






are uncorrelated, we have the usual dummy variable approach.
2.2. Semi-parametric approach







not jointly normally distributed. Semi-parametric approaches
can still estimate the behavior parameters without making
a full parametric specification of unobservables’ probability
distributions.
We note that if any selection effects exist, then
BMI1i = α1 + xiβ1 + λ1(ziγ )+ ν
1
i if si = 1, (9)
BMI0i = α0 + xiβ0 + λ0(ziγ )+ ν
0
i if si = 0, (10)
respectively, where λ1(ziγ ) = E(u1i |εi > −ziγ ), λ0(ziγ ) =
E(u0i |εi < −ziγ ), E(ν
1
i |si = 1, xi, zi) = 0, and E(ν
0
i |si = 0, xi, zi) =










= α0 + E (xi|zi) β0 + λ0(ziγ ). (12)
Taking the difference between (9) and (11) (or (10) and (12))
eliminates the selection factor λ1(ziγ ) (or λ0(ziγ )). Therefore,
Robinson (1988) proposed to estimate β1 (β0) by β̂1r (β̂0r )
β̂lr =
{




E [(x− E (x|z))]
[
BMIl − E (BMI|z)
]}
; l = 0, 1. (13)
The conditional expectations for the estimators (13) can be
estimated by the non-parametricmethods. It is clear from (13) that
Robinson’s (1988) approach does not allow the estimation of the
intercepts and the parameters of the variables that appear in (7),
(9) and (10).
Powell (2001) generalized Robinson’s idea by noting that if




and proposed the following


















































si)(1 − sj); k(.) is a kernel density function which is bounded,
symmetric, and converges to zero as the absolute value of its
argument increases; h12 and h
0
2 are the bandwidth parameters;
γ̂sp is the semi-parametric estimate from the first-step estimation
of (7); N1 and N0 are the sample sizes for the treated group
(children with full-time working mothers) and untreated group
(children without full-time working mothers). Intuitively, (14) is
based on a comparison of pairs of observations (i, j) for which the









. By regressing differences in dependent variables on
corresponding differences in independent variables, the selection
bias is eliminated.
Ahn and Powell (1993) proposed a similar two-step semi-
parametric estimator where instead of estimating γ in the first
step, they note if zi = zj then ziγ = zjγ . Therefore, they propose


























































and ĝ1i and ĝ
0






















l = 0, 1; (16)
where h11 and h
0
1 are the bandwidth parameters and N is the total
sample size.
Both Powell (2001) and Ahn and Powell (1993) estimators
regress the pairwise differences in dependent variables on the
corresponding differences in explanatory variables. Therefore, the
intercept terms cannot be estimated. However, the estimates of
intercept terms are important because evaluation of treatment
effects often depend on them. Following Heckman (1997),
Andrews and Schafgans (1998) suggested the following procedure











1 )f (ziγ̂sp − λN1)
N1∑
i=1








0 )f (−ziγ̂sp − λN0)
N0∑
i=1
f (−ziγ̂sp − λN0)
, (18)
where λN1 and λN0 approach zero as N1 and N0 approach infinity.
Schafgans (2000) suggests using






for x ∈ (0, 1) ;
= 0 for x ≤ 0;
= 1 for x ≥ 1. (19)
2.3. Non-parametric approach
Rosenbaum and Rubin (1983) has shown that if conditional on









64 E. Liu et al. / Journal of Econometrics 152 (2009) 61–69








BMI0i |wi = w
)
. (21)







, which is exactly ATE.
However, the dimension of wi may be large. To avoid the
issue of the curse of dimensionality, Rosenbaum and Rubin (1983)
propose the propensity score matching method by noting that if
the conditional probability that an individual receives a treatment







|p (w). It follows for all such matched pairs that
E
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2.4. Estimation of treatment effects
Under the parametric specification of (5)–(8), the average
treatment effect of full-time employedmothers (ATE) is defined as
E(BMI1 − BMI0) = (α1 − α0)+
∫
x(β1 − β0)f (x)dx. (23)
The average treatment effect on the treated (ATET ) and the average
treatment effect on the untreated (ATEU) can be similarly obtained
by integrating over f (x|s = 1) and f (x|s = 0), respectively. If the






























are the consistent estimates
for parameters (α1, β1) and (α0, β0). ATET or ATEU can be
approximated in a similar way by taking the average over the
treated or untreated group.
The continuous measure of BMI equations (5) and (6) can also
be converted to the dichotomous measure of being overweight
versus non-overweight and provide a measure of the impact of
a mother’s work status on the probability of having overweight
children. Using the dichotomous classification rule proposed by
















where B̂MI1i and B̂MI
0
i are the individual child’s predicted BMIs
based on our parameter estimates, BMIthresholdi is the threshold
of BMI developed by the CDC to decide an individual child’s
overweight status, and I(·) is the indicator function equal to one
if its argument is greater than zero. Similarly, one can estimate
average treatment effect in terms of the likelihood of becoming
overweight for those treated (ÂTET p) and untreated (ÂTEUp) by
taking the average over the treated and untreated group.
6 See http://www.cdc.gov/nccdphp/dnpa/bmi/bmi-for-age.htm. This dichoto-
mous classification rule is also the one used by Anderson et al. (2003).













where Ep(w) is the expectation with respect to the distribution of
p (w). If BMI1i and BMI
0
i in (26) are replaced with each individual
child’s overweight status, then we can similarly compute the non-
parametric estimate of ATEp, ATET (ATET p), and ATUT (ATUT p).
3. Specification analysis
One can test parametric versus non-parametric specification by
noting that if a parametric model
yi = m (xi, β)+ ui (27)
is correctly specified, then E (ui|xi) = 0. Therefore, one may
test the null of parametric model being correctly specified by
considering
H0 : E [uE (u|x) f (x)] = 0. (28)
Specification tests proposed by Bierens (1982) can then be used.
To test parametric versus semi-parametric specification, we
note that ML estimators for model (5)–(8) are consistent and
efficient under the null hypothesis but inconsistent under the
alternative, whereas the semi-parametric estimator for model
(5)–(6) is consistent under both the null and the alternative
hypotheses but inefficient under the null. Therefore, a Hausman



























where β̂ml1 and β̂
ml
0 are the ML estimates excluding the intercept,
V̂ml1 and V̂
ml





are the covariance matrices of semi-parametric estimates β̂sp1
and β̂sp0 excluding the intercepts. These two test statistics are
asymptotically distributed as χ2 with degrees of freedom equal
to the dimension of β̂sp1 (β̂
sp
0 ) under the null that the ML model is
correct.
4. Data
We believe the inter-individual differences are more important
than intra-individual dynamics in explaining a child’s difference in
BMI. Therefore, we concentrate on the 2000 wave of the National
Longitudinal Surveys (NLS). The NLS consists of five sets of surveys.
Samples were drawn from two of these five sets of surveys—the
National Longitudinal Surveys of Youth 1979 (NLSY79) and the
NLSY79 Children and Young Adult. The NLSY79 is a cohort of 6,403
men and 6,283 women aged 14 to 21 as of December 1978. The
NLSY79 has conducted an annual survey of this cohort since 1979
and, starting in 1986, additional surveys on the children of the
women in the original cohort have been also conducted biannually.
This survey is the NLSY79 Children and Young Adult. Except for
all the mother’s information from the NLSY79, assessments of
each child as well as important demographic and developmental
information collected from mother or child is also included in
NLSY79 Children and Young Adult.7
Using the household and relationship identifiers in these two
NLS surveys, the matched mother-child file was constructed.
7 See http://www.bls.gov/nls/nlsy79ch.htm.
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Table 1
Summary statistics of dependent and explanatory variables (N = 1336).
Variables All Treated group Untreated group
Mean Standard deviation Mean Standard deviation Mean Standard deviation
Child’s BMI (BMIi) 18.213 4.317 18.716 4.733 17.797 3.895
Mother’s full-time employment status (si) 0.453 0.498 – – – –
Birth weight in ounces (BW ) 119.053 22.093 119.162 21.100 118.963 22.896
Breast-fed (BF ) 0.594 0.491 0.557 0.497 0.624 0.485
Child’s age (AGE) 7.767 2.418 7.878 2.403 7.677 2.429
Hispanic (H) 0.146 0.353 0.160 0.367 0.134 0.341
Black (B) 0.219 0.414 0.278 0.448 0.171 0.377
Female (F ) 0.513 0.500 0.506 0.500 0.518 0.500
Receives income or property from estates, trusts or
inheritances (RI)
0.104 0.305 0.081 0.273 0.123 0.329
Mother’s highest grade completed (HG) 13.810 2.475 14.008 2.291 13.646 2.607
Family size (FS) 4.466 1.361 4.198 1.145 4.687 1.482
Current residence in an urban area (URBAN) 0.742 0.491 0.755 0.467 0.731 0.510
Mother’s BMI (MBMI) 22.743 4.047 23.181 4.269 22.381 3.818
Father in the household (FH) 0.765 0.424 0.732 0.443 0.792 0.406
Age of the youngest child(AY ) 5.702 2.876 6.258 2.785 5.242 2.870
Unemployment rate (UR) 2.196 0.861 2.139 0.877 2.244 0.845
For the purpose of this study, the following restrictions were
imposed on the data file so that the size of the final analysis sample
was reduced from 6417 children born to 2934 mothers to 1336
born to 1015 mothers.
The first criterionused to determine inclusion in the samplewas
that the individual child must be 3 and 11 years old in 2000. This
is because BMI is not a good indicator of body fat proportion after
adolescence.8 This age requirement reduced the potential sample
size to 2461.
The second criterion was that any individual child with missing
values of weight and/or weight, or reported ‘‘non-responsive’’
value on his/her own ormother’s demographic characteristics, was
eliminated. This requirement reduced the sample size to 1340.
The final criterion is that any individual childwith a BMI smaller
than 0 or larger than 70 is deleted from consideration, since it is
impossible for any child to have a BMI smaller than 0 or larger than
70 based on National Center for Health Statistics (2000). After all
these exclusions, the final sample size in this study was reduced
to 1336, which included 605 in the treated group and 731 in the
untreated group.
The above criteria reduced the potential size of the sample
significantly. However, the imposition of these criteria are
standard for any empirical economics research as a means of
dealing with the ‘‘missing data’’ problem, because if data were
missing for an observation on either the dependent variable or
one of the independent variables, then the observation could not
be used in an empirical analysis. If missing data are not behavior-
related, the only issue would be that the reduced sample size
would make the standard estimator, such as ordinary least square
(OLS), less precise, while no bias would be induced.9 Table 1 lists




For BMI equations (5) and (6), child’s age and gender dummy
(female) are included to capture the growth curves of children that
vary by demographic characteristics. A dummy variable indicating
8 See Anderson et al. (2003), p. 481.
9 Although there are ways to use the information on observations where only
some variables are missing, these methods are often extremely complicated and
seldom applied in practice because the improvement is usually only slight. In
most cases, those observations with missing information can simply be discarded
(e.g. Hsiao, 1979).
whether a child was breast-fed at birth is included to control
for early nutritional condition.10 To control for genetic factors,
we include child’s birth weight and mother’s BMI measured in
1985. Moreover, since a mother’s working status could lead to
changes in parental behavior, lifestyle, or attitudes,11 we also
include ethical dummies, receives incomeor property fromestates,
trust, or inheritance, and mother’s highest grade completed as
the usual type of background variables. In addition, there have
been several works on the negative effect of family size or if
a child’s father lives in the same household on the growth of
individuals because of the possibility of dilution of the family’s
economic resources or parental attention (e.g. Becker and Lewis,
1973; Conlisk, 1974; Lindert, 1974; Zajonc, 1976; Gibson et al.,
2007)12, we also include family size and if the father lives in the
household as the conditional variables. Furthermore, the location
of children’s residence might also influence their levels of physical
activity, the urban dummy (urban versus rural) is included in (5)
and (6) as a conditional variable.
For the maternal employment status equation (7), we include
whether receiving income or property from estates, trust or
inheritances, highest grade completed, the location of residence
(urban versus rural), race and ethnicity dummies (black and
Hispanic), andwhether a child’s father lives in the same household,
age of the youngest child and the local unemployment rate as the
conditional variables. Themother’s employment status (si) is equal
to 1 if she worked on average more than 35 hours per week and 0
otherwise.13
The parametric models are estimated by ML under the
normality assumption. The Robinson (1988) estimator (13) were
implemented by the R module developed by Hayfield and Racine
(2007). The Powell (2001) and Ahn and Powell (1993) estimates
10 Several studies (e.g. von Kries et al., 1999; Hediger et al., 2001; Armstrong and
Reilly, 2002) showed that infant breast-feeding reduces the young children’s risk to
become overweight.
11 See Golan and Crow (2004), Gordon-Larson et al. (2003), Patrick and Nicklas
(2005) and Zhang and Wang (2004a,b).
12 A bigger family size could also reflect that the child lives in an intergenerational
household. Childcare offered by relatives could be the next best for children with
working mothers.
13 Note that birth weight and breast-fed are excluded frommaternal employment
status equation. Since children included in our sample are at least 3 years old in
2000, breast-feeding should not be jointly determined with a mother’s labor force
attachment. If a child has poor health endowments (such as low birth weight),
his/her mother may choose to work part-time or not to work. This is less a concern
in our study, because we do not have any low-birth weight child in our sample.
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Table 2a
































Notes: Robust standard errors are in parentheses.
* Indicates significance at the 10% level.
** indicates significance at the 5% level.
*** Indicates significance at the 1% level.
are obtained following the suggestion of Powell (2001). The first-
step estimate γ̂sp in (14) (the second-step Powell (2001) estimator)
comes from the application of Powell et al. (1989). The values of
bandwidth parameters h12 and h
0
2 in (14) are determined based
on the simulation results from Powell and Stoker (1996), which
are equal to 0.086 and 0.084, respectively. The bandwidths h11 and
h01 in (16) (the first-step Ahn and Powell (1993) estimator) are
determined by least-square cross-validation, and both of them are
equal to 0.77. In (15), h12 and h
0
2 (the second-step Ahn and Powell
(1993) estimator) are determined by generalized cross-validation,
and both of them equal 0.168. We set λN1 =
N1
N = 0.453 and
λN0 =
N0
N = 0.547 in (17) and (18).
In estimating the average treatment effects using the propen-
sity score matching we use the R nearest-neighboring matching
module developed by Sekhon (in press), and it was found that
0 < p (w) < 1 and the balancing properties are satisfied under
our current specification.
Parametric and semi-parametric estimates of children’s BMI are
reported in Tables 2a and 2b for full-time employed mothers and
in Tables 3a and 3b for non-full-time employedmothers. Estimates
of full-time employment decision are reported in Table 4. We will
discuss those estimates in more detail in Section 5.3.
5.2. Specification analysis
Tables 5a–5c and 6a–6c show that in terms of ATE, ATET , and
ATUT , there are substantial differences between the parametric
and semi-parametric or non-parametric estimates, but there is
not much difference between the semi-parametric and non-
parametric estimates. Under the assumption that the function
form is correctly specified, the critical difference between the
Table 2b
Semi-parametric coefficient estimates of Eq. (5).
Variables Powell (2001) Ahn and Powell (1993) Robinson (1988)
BW 0.026*** 0.020*** 0.018
(0.009) (0.007) (0.010)
BF −0.279 −0.019 0.270
(0.425) (0.293) (0.574)
AGE 0.399*** 0.482*** 0.370***
(0.086) (0.060) (0.109)
H 1.773*** 1.247** –
(0.586) (0.504) –
B 1.119 2.349*** –
(0.768) (0.403) –
F 1.027*** 0.576*** 0.576*
(0.354) (0.258) (0.330)
RI 3.115*** 0.946*** –
(0.852) (0.483) –




MBMI 0.232*** 0.236*** 0.281***
(0.044) (0.032) (0.071)
URBAN −0.442 −0.207 –
(0.416) (0.261)
FH 0.777 0.320 –
(0.473) (0.330) –
Constant 10.630*** 9.986*** –
(1.809) (2.626) –
Notes: The standard errors are in parentheses.
* Indicates significance at the 10% level.
** Indicates significance at the 5% level.
*** Indicates significance at the 1% level.
Table 3a
































Notes: Robust standard errors are in parentheses.
* Indicates significance at the 10% level.
** Indicates significance at the 5% level.
*** Indicates significance at the 1% level.
semi-parametric and the non-parametric estimates is that the
former allows selection on unobservables while the latter does
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Table 3b
Semi-parametric coefficient estimates of Eq. (6).
Variables Powell (2001) Ahn and Powell (1993) Robinson (1988)
BW 0.023*** 0.030*** 0.030***
(0.007) (0.005) (0.007)
BF −0.064 −0.364 −0.122
(0.345) (0.248) (0.379)
AGE 0.393*** 0.414*** 0.389***
(0.058) (0.045) (0.076)
H 0.121 0.218 –
(0.545) (0.376) –
B 0.812 0.702* –
(0.779) (0.377) –
F −0.316 −0.063 −0.018
(0.278) (0.213) (0.271)
RI −0.975** −0.608** –
(0.388) (0.279) –




MBMI 0.070 0.084*** 0.048
(0.048) (0.032) (0.092)
URBAN −0.348 −0.154 –
(0.288) (0.208) –
FH −0.026 −0.764** –
(0.454) (0.337) –
Constant 15.070*** 13.120** –
(0.881) (5.706) –
Notes: The standard errors are in parentheses.
* Indicates significance at the 10% level.
** Indicates significance at the 5% level.
*** Indicates significance at the 1% level.
not. Since the semi-parametric estimates remain consistent even
the condition (20) holds, and the estimated ATE, ATET , and ATUT
are similar, it appears a mute issue to test semi-parametric versus
non-parametric estimates given the latter only estimates the ATE,
ATET , andATUT , not the impact of each individual factor. Therefore,
we shall only concentrate on the test of parametric versus semi-
parametric estimates.
Tables 7a and 7b provide the Hausman specification test of
the null of parametric model against the alternative of non-
normal distribution of the effects of the unobservables. The results
unambiguously reject the parametric model. Furthermore, the
Wald test of β1 = β0 also rejects the null. Therefore, we shall
Table 5a
The estimated average treatment effect in terms of BMI.
Methods ÂTE p-value
Two-part model (Eqs. (5)–(8)) 0.419 0.000
Maximum likelihood (Eqs. (5)–(8)) −1.190 0.000
Powell (2001) (Eqs. (5)–(7)) 0.581 0.000
Ahn and Powell (1993) (Eqs. (5)–(7)) 0.934 0.000
Propensity score matching 0.606 0.034
Table 5b
The estimated average treatment effect on the treated in terms of BMI.
Methods ÂTET p-value
Two-part model (Eqs. (5)–(8)) 0.526 0.000
Maximum likelihood (Eqs. (5)–(8)) 7.882 0.000
Powell (2001) (Eqs. (5)–(7)) 0.478 0.000
Ahn and Powell (1993) (Eqs. (5)–(7)) 0.994 0.000
Propensity score matching 0.700 0.029
Table 5c
The estimated average treatment effect on the untreated in terms of BMI.
Methods ÂTEU p-value
Two-part model (Eqs. (5)–(8)) 0.330 0.000
Maximum likelihood (Eqs. (5)–(8)) −9.541 0.000
Powell (2001) (Eqs. (5)–(7)) 0.666 0.000
Ahn and Powell (1993) (Eqs. (5)–(7)) 0.884 0.000
Propensity score matching 0.527 0.108
Table 6a
The estimated average treatment effect in terms of the likelihood of becoming
overweight.
Methods ÂTEp p-value
Two-part model (Eqs. (5)–(8)) 0.079 0.000
Maximum likelihood (Eqs. (5)–(8)) 0.001 0.317
Powell (2001) (Eqs. (5)–(7)) 0.123 0.000
Ahn and Powell (1993) (Eqs. (5)–(7)) 0.142 0.000
Propensity score matching 0.046 0.095
summarize our findings in terms of Powell (2001) semi-parametric
estimates.
Table 4
Coefficient estimates of full-time employment decision function (Eq. (7)).
Variables OLS Probit (coefficients) Probit (marginal effects) ML Density-weighted average
AY 0.025*** 0.068*** 0.027*** 0.053** 0.086***
(0.005) (0.013) (0.005) (0.026) (0.014)
RI −0.105** −0.284** −0.110** −0.046 −0.077
(0.043) (0.122) (0.046) (0.030) (0.055)
HG 0.025*** 0.071*** 0.028*** 0.136*** 0.038**
(0.005) (0.015) (0.006) (0.034) (0.015)
URBAN −0.038 −0.100 −0.040 −0.013 0.038**
(0.028) (0.076) (0.030) (0.033) (0.028)
H 0.183*** 0.479*** 0.189*** 0.215** 0.019
(0.041) (0.113) (0.044) (0.101) (0.066)
B 0.209*** 0.557*** 0.219*** 0.209*** 0.105*
(0.037) (0.101) (0.039) (0.034) (0.030)
UR −0.042*** −0.117*** −0.046*** −0.021 −0.067*
(0.016) (0.044) (0.018) (0.021) (0.021)
FH 0.012 0.030 0.012 −0.041 0.014
(0.035) (0.096) (0.038) (0.081) (0.015)
FS −0.052*** −0.148*** −0.059*** −0.124*** −0.061***
(0.009) (0.028) (0.011) (0.023) (0.018)
Constant 0.240** −0.695** – −0.746*** –
(0.114) (0.315) – (0.264) –
Notes: 1. The robust standard errors are in parentheses. 2. Column 6 refers to Powell et al. (1989) estimator.
* Indicates significance at the 10% level.
** Indicates significance at the 5% level.
*** Indicates significance at the 1% level.
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Table 6b
The estimated average treatment effect on the treated in terms of the likelihood of
becoming overweight.
Methods ÂTET p p-value
Two-part model (Eqs. (5)–(8)) 0.101 0.000
Maximum likelihood (Eqs. (5)–(8)) 0.099 0.000
Powell (2001) (Eqs. (5)–(7)) 0.088 0.000
Ahn and Powell (1993) (Eqs. (5)–(7)) 0.188 0.000
Propensity score matching 0.059 0.055
Table 6c
The estimated average treatment effect on the untreated in terms of the likelihood
of becoming overweight.
Methods ÂTEUp p-value
Two-part model (Eqs. (5)–(8)) 0.062 0.000
Maximum likelihood (Eqs. (5)–(8)) −0.030 0.000
Powell (2001) (Eqs. (5)–(7)) 0.152 0.000
Ahn and Powell (1993) (Eqs. (5)–(7)) 0.104 0.000
Propensity score matching 0.035 0.270
Table 7a
The Hausman’s specification test (Semi-parametric versus ML).
Difference χ2-statistic p-value
Eq. (5) Powell (2001) versus ML 23.700 0.022
Eq. (5) Ahn and Powell (1993) versus ML – –
Eq. (5) Robinson (1988) versus ML 17.090 0.004
Note: We are unable to get a positive χ2 value for Ahn and Powell (1993) versus
ML, which could be an indication that the null is false.
Table 7b
The Hausman’s specification test (Semi-parametric versus ML).
Difference χ2-statistic p-value
Eq. (6) Powell (2001) versus ML 54.590 0.000
Eq. (6) Ahn and Powell (1993) versus ML – –
Eq. (6) Robinson (1988) versus ML 117.000 0.000
Note: We are unable to get a positive χ2 value for Ahn and Powell (1993) versus
ML, which could be an indication that the null is false.
5.3. Behavioral impact of maternal full-time employment
Powell (2001) semi-parametric estimates of (5) and (6) yield a
numerically small but a statistically significant average impact of
a full-time working mother on a child’s BMI. If we transform this
average treatment effect in terms of dichotomous classification of
being overweight or non-overweight as in (30), then there is a
significant increase of probability of being overweight by 12.3%.
We find that birth weight significantly affects a child’s BMI,
and so does age. However, being breast-fed at birth, having an
urban-rural residence or having father in the household have no
impact on a child’s BMI. We also find that there are significant
behavioral differences between a childwith a full-time or non-full-
time working mother. For those with a full-time working mother,
there is a significant family attenuation effect between a child and
a mother’s BMI, but there is no obvious quantity–quality trade-
off. Female children, Hispanic children, and children from families
with higher non-labor income tend to have higher BMIs. Children
with more highly educated mothers tend to have lower BMIs.
For those with non-full-time working mothers, there is no
significant difference in BMI between race and gender. Neither do
we find that a mother’s BMI affects a child’s BMI or any family
attenuation effect (e.g. Conlisk, 1974). However, we find that
children from families with more non-labor income are less likely
to be overweight. There also appears to have an economy of scale
effect in the sense that the BMI of a child from a large family is on
average lower.
6. Concluding remarks
In this paper we use the matched mother-child files from the
2000 wave of the US National Longitudinal Surveys of Youth 1979
(NLSY79) to evaluate the impact of full-time working mothers
on childhood obesity. Conditional on the explanatory variables
being uncorrelated with the omitted variables, parametric, semi-
parametric, and non-parametricmethods are used. In the paramet-
ric and semi-parametric framework, we propose an endogenous
switching model to allow for joint dependence between a child’s
BMI and a mother’s full-time employment equations and to al-
low for behavioral changes when external conditions change. In
terms of the average treatment effects of a mother’s full-time em-
ployment status on a child’s BMI, there is a significant difference
between the parametric and semi-parametric or non-parametric
estimates, but not much difference between the semi-parametric
and non-parametric estimates. However, the non-parametric
method does not provide estimates of the impact of maternal
full-time employment on individual behavior, but parametric and
semi-parametric methods can. Moreover, the semi-parametric
method can also take account of selection on unobservables with
fairly general assumptions. Our specification analysis appears to
support the use of a semi-parametric estimation of the endoge-
nous switching model to infer the causal link between maternal
full-time employment and a child’s BMI as well as the overweight
status. The estimated average treatment effect of a full-time work-
ing mother is to raise a child’s BMI by about 0.581. In terms of
the conventional dichotomization of being overweight or non-
overweight, a child is 12.3% more likely to be overweight with a
full-time working mother. We also find significant family attenu-
ation effect and quality–quantity trade-off. Hispanics and females
are also more likely to be overweight. Children of highly educated
mothers appear less likely to be overweight, but breast-feeding
does not appear to havemuch lasting impact, oneway or the other,
on a child’s BMI. However, birth weight does appear to affect a
child’s BMI.
The above inference is obtained based on the assumption
that included covariates are uncorrelated with the effects of
unobserved factors. If this assumption is violated, then the
inference is biased. Finally, the sensitivity of empirical results to
different inference procedures appears to support the contention
that the information contained in the data may be limited.
To obtain more reliable causal inference between maternal
employment and overweight children, it appears that we need
to know about the interaction between behavior and physiology.
Powerful analytical tools with less restrictive assumptions can
provide a useful repertoire to applied researchers.
References
Ahn, H., Powell, J.L., 1993. Semi-parametric estimation of censored selectionmodels
with a non-parametric selection mechanism. Journal of Econometrics 57, 3–29.
Aizer, A., 2004. Home alone: Supervision after school and child behavior. Journal of
Public Economics 88 (9-10), 1835–1848.
Amemiya, T., 1985. Advanced Econometrics. Harvard University Press.
Anderson, P.M., Butcher, K.F., Levine, P.B., 2003. Maternal employment and
overweight children. Journal of Health Economics 22 (3), 477–504.
Andrews, D.W.K., Schafgans, M.M.A., 1998. Semi-parametric estimation of the
intercept of a sample selection model. Review of Economic Studies 65 (3),
497–517.
Armstrong, J., Reilly, J.J., and the Children Health Information Team, 2002. Breast-
feeding and lowering the risk of childhood obesity. The Lancet 359.
Becker, G.S., Lewis, H.G., 1973. On the interaction between the quantity and quality
of children. Journal of Political Economy 81, s279–s288.
Bierens, J.B., 1982. Consistent model specification tests. Journal of Econometrics 20,
1005–1134.
Cawley, J., 2004. Impact of obesity on wages. Journal of Human Resources 39 (2),
451–474.
Cawley, J., Liu, F., 2007. Maternal employment and childhood obesity: A search for
mechanisms in time use data. NBER Working Paper #13600.
Chou, S.Y., Grossman, M., Saffer, H., 2004. An Economic analysis of adult obesity:
Results from the behavioral risk factor surveillance system. Journal of Health
Economics 23, 565–587.
Author's personal copy
E. Liu et al. / Journal of Econometrics 152 (2009) 61–69 69
Chou, S.Y., Rashad, I., Grossman, M., 2008. Fast-food restaurant advertising on
television and its influence on childhood obesity. Journal of Law and Economics
51 (4), 599–618.
Conlisk, J., 1974. Can equalization of opportunity reduce social mobility? American
Economic Review 64, 88–90.
Cutler, D.M., Glaeser, E.L., Shapiro, J.M., 2003. Why have Americans become more
obese? Journal of Economic Perspectives 17, 93–118.
Duan, N., Manning, W.G., Morris, C.N., Newhouse, J.P., 1983. A comparison of
alternative models for the demand for medical care. Journal of Business and
Economic Statistics 1 (2), 115–126.
Families andWork Institutes, 1997. The National Study of the ChangingWorkforce,
New York.
Fertig, A., Glomm, G., Tchernis, R., 2006. The connection between maternal
employment and childhood obesity: Inspecting the mechanisms. CAEPR
Working Paper.
Finkelstein, E.A., Fiebelkorn, I.C., Wang, G., 2003. National medical spending
attributable to overweight and obesity: How much and who’s paying? Health
Affairs 2003, w3-219–w3-226.
Gelbach, J.B., Klick, J., Stratmann, T., 2007. Cheap donuts and expensive broccoli: the
effect of relative prices on obesity. Working paper, University of Maryland.
Gibson, L.Y., Byrne, S.M., Davis, E.A., Blair, E., Jacoby, P., Zubrick, S.R., 2007. The
role of family and maternal factors in childhood obesity. The Medical Journal
of Australia 186 (11), 591–595.
Golan, M., Crow, S., 2004. Parents are key players in the prevention and treatment
of weight-related problems. Nutrition Reviews 62 (1), 39–50.
Gordon-Larson, P., Adair, L.S., Popkin, B.M., 2003. The relationship of ethnicity,
socioeconomic factors, and overweight in US adolescents. Obesity Research 11,
121–129.
Hausman, J.A., 1978. Specification tests in econometrics. Econometrica 46 (6),
1251–1271.
Heckman, J.J., 1979. Sample selection bias as a specification error. Econometrica 47
(1), 153–161.
Heckman, J.J., 1997. Instrumental variables: A study of implicit behavioral
assumptions used in making program evaluations. Journal of Human Resources
32 (3), 441–462.
Hayfield, T., Racine, J.S., 2007. np: Non-parametric kernel smoothing methods for
mixed datatypes. R package version 0.13-1.
Hediger, M.L., Overpeck, M.D., Kuczmarski, R.J., Ruan, W.J., 2001. Association
between infant breast-feeding and overweight in young children. The Journal
of American Medical Association 285 (19), 2453–2460.
Hill, J.O., Peters, J.C., 1998. Environmental contributions to the obesity epidemic.
Science 280, 1371–1374.
Hsiao, C., 1979. Linear regression using both temporarily aggregated and
temporarily disaggregated data. Journal of Econometrics 10, 243–252.
Janssen, I., Craig, W.M., Boyce, W.F., Pickett, W., 2004. Association between
overweight with bullying behaviors in school-aged children. Pediatrics 113 (5),
1187–1194.
Lakdawalla, D., Philipson, T., 2002. The growth of obesity and technological change:
A theoretical and empirical investigation. NBER Working paper # 8965.
Lindert, P.A., 1974. Family inputs and inequality among children. Discussion Paper
218–74. Institute for Poverty Analysis, University of Wisconsin Madison.
National center for health statistics, 2000. CDC BMI percentile growth charts for
boys and girls. http://www.cdc.gov/growthcharts.
Olshansky, S.J., Passaro, D.J., Hershow, R.C., Layden, J., Carnes, B.A., Brody, J., Hayflick,
L., Brutler, R.N., Allison, D.B., Ludwig, D.S., 2005. A potential decline in life
expectancy in the United States in the 21st century. New England Journal of
Medicine 352 (11), 1138–1145.
Ogden, C.L., Flegal, K.M., Carroll, M.D., Johnson, C.L., 2002. Prevalence and trends
in overweight among US children and adolescents, 1999-2000. Journal of
American Medical Association 288 (14), 1728–1732.
Patrick, H., Nicklas, Th.A., 2005. A review of family and social determinants of
children’s eating patterns and diet quality. Journal of the American College of
Nutrition 24 (2), 83–92.
Philipson, T., 2001. Theworldwide growth in obesity: An economic research agenda.
Health Economics 10, 1–7.
Philipson, T., Posner, R.A., 1999. The long-run growth in obesity as a function of
technological change. NBER Working paper # 7423.
Powell, J.L., 2001. Semi-parametric estimation of censored selection model.
In: Nonlinear Econometric Inference. Cambridge University Press, Cambridge.
Powell, J.L., Stoker, T.M., 1996. Optimal bandwidth choice for density-weighted
averages. Journal of Econometrics 75, 291–316.
Powell, J.L., Stock, J.H., Stoker, T.M., 1989. Semi-parametric estimation of index
coefficients. Econometrica 57 (6), 1403–1430.
Robinson, P.M., 1988. Root-N-consistent semi-parametric regression. Econometrica
56 (4), 931–954.
Rosenbaum, P., Rubin, D.B., 1983. The central role of propensity score in
observational studies for causal effects. Biometrica 70 (1), 41–55.
Schafgans, M.M.A., 2000. Gender wage differences in Malaysia: parametric
and semi-parametric estimation. Journal of Development Economics 63 (2),
351–378.
Sekhon, J.S., Multivariate and propensity score matching with automated balance
optimization: The matching package for R. Journal of Statistical Software (in
press).
United States Bureau of the Census, 1995. Statistical abstract of the United States
1995. Government Printing Office, Washington D.C.
United States Bureau of the Census, 2003. Statistical abstract of the United States
2003. Government Printing Office, Washington D.C.
United States Department of Health and Human Services, 2001. The surgeon
general’s call to action to prevent and decrease overweight and obesity. US
Department of Health and Human Services, Public Health Service, Office of the
Surgeon General, Rockville, MD.
von Kries, R., Koletzko, B., Sauerwald, T., von Mutius, E., Barnert, D., Grunert, V., von
Ross, H., 1999. Breast-feeding and obesity: Cross-sectional study. British Journal
of Medicine 319, 147–150.
Zajonc, R.B., 1976. Family configuration and intelligence. Science 192, 227–236.
Zhang, Q., Wang, Y., 2004a. Socioeconomic inequality of obesity in the United
States: Do gender, age, and ethnicity matter? Social Science and Medicine 58,
1171–1180.
Zhang, Q., Wang, Y.Y., 2004b. Trends in the association between obesity and
socioeconomic status in US adults: 1971 to 2000. Obesity Research 12,
1622–1632.
